Identifying differentially expressed (DE) genes from RNA sequencing (RNAseq) 2 2 studies is among the most common analyses in genomics. However, RNAseq 2 3 DE analysis presents several statistical and computational challenges, including 2 4 over-dispersed read counts and, in some settings, sample non-independence.
shown that the expression levels of almost all genes are influenced by cis-eQTLs 1 0 1 and/or display allelic specific expression (ASE) (3, 7, (46) (47) (48) . However, the 1 0 2 majority of heritability is often explained by distal genetic variants (i.e., trans-
QTLs, which account for 63%-84% of heritability in humans (41) and baboons 1 0 4 (7)). Because gene expression levels are heritable, they will covary with kinship 1 0 5 or population structure. Besides kinship or population structure, hidden 1 0 6 confounding factors, commonly encountered in sequencing studies (49-52), can 1 0 7 also induce similarity in gene expression levels across many genes even when 1 0 8 individuals are unrelated (53) (54) (55) (56) (57) . Failure to account for this gene expression covariance due to sample non-independence could lead to spurious associations 1 1 0 or reduced power to detect true DE effects. This phenomenon has been 1 1 1 extensively documented in genome-wide association studies (9,58,59) and more 1 1 2 recently, in bisulfite sequencing studies (60), but is less explored in RNAseq 1 1 3 studies. In particular, none of the currently available count-based methods for 1 1 4 identifying DE genes in RNAseq can appropriately control for sample non-1 1 5 independence. Consequently, even though count-based methods have been 1 1 6
shown to be more powerful, recent RNAseq studies have turned to linear mixed 1 1 7 models, which are specifically designed for quantitative traits, to deal with the 1 1 8 confounding effects of kinship, population structure, or hidden confounders 1 1 9 (7, 42, 61) .
Here, we present a Poisson mixed model (PMM) that can explicitly model both 1 2 1 over-dispersed count data and sample non-independence in RNAseq data for 1 2 2 effective DE analysis. To make our model scalable to large data sets, we also mixed model methods (9, 59, 65) . We refer to the combination of the statistical data and introduces two random effects terms to both control for sample non- To make our simulations as realistic as possible, we simulated the gene 1 7 2 expression count data based on parameters inferred from a real baboon data set 1 7 3 that contains 63 samples (see the next section for a detailed description of the 1 7 4 data). We varied the sample size (n) in the simulations (n = 6, 10, 14, 63, 100, 1 7 5 200, 500, 800, or 1000). For n = 63, we used the baboon relatedness matrix 1 7 6 (7). For sample simulations with n > 63, we constructed a new relatedness matrix 1 7 7 by filling in its off-diagonal elements with randomly drawn off-diagonal 1 7 8 elements from the baboon relatedness matrix following (60). For sample 1 7 9 simulations with n < 63, we constructed a new relatedness matrix by randomly 1 8 0 sub-sampling individuals from the baboon relatedness matrix. In cases where the 1 8 1 resulting was not positive definite, we used the nearPD function in R to find the 1 8 2 closest positive definite matrix as the final . In most cases, we simulated the 1 8 3 total read count ܰ for each individual from a discrete uniform distribution with a 1 8 4 minimum (=1,770,083) and a maximum (=9,675,989) total read count (i.e. 1 8 5 summation of read counts across all genes) equal to the minimum and maximum 1 8 6 total read counts from the baboon data. We scaled the total read counts to 1 8 7 ensure that the coefficient of variation was small (CV = 0.3), moderate (CV = 0.6) 1 8 8 or high (CV = 0.9) across individuals (i.e. then discretized them. In the special case where CV = 0.3 and n = 63, we directly (which has a CV = 0.33).
9 2
We then repeatedly simulated a continuous predictor variable ‫ݔ‬ from a standard 1 9 3 normal distribution (without regard to the pedigree structure). We estimated the Based on the simulated sample size, total read counts and continuous predictor 2 0 0 variable, we simulated gene expression values using the following procedure. For the expression of each gene in turn, we simulated the genetic random effects 2 0 2 from a multivariate normal distribution with covariance . We simulated the 2 0 3 environmental random effects based on independent normal distributions. We effect size was either 0 (for non-DE genes) or generated to explain a certain hundreds of samples and tens of thousands of genes with a single desktop PC 4 1 5 ( Figure S1 ). Although our procedure is stochastic in nature, we find the MCMC 4 1 6 errors are often small enough to ensure stable p-values across independent 4 1 7
MCMC runs ( Figure S2 ). Simulations: control for sample non-independence
We performed a series of simulations to compare the performance of the PMM and a comparison between various transformations; Figure S3 ) and used raw count data for the other three methods. To make our simulations realistic, we use Poisson correctly control type I error ( Figure S5 ).
6 9
Two important factors influence the severity of sample non-independence in 4 7 0
RNAseq data ( Figure 2 ). First, the inflation of p-values in the negative binomial, Results are shown in Figure S6 . For the five methods compared above, the Finally, we explored the use of principal components (PCs) from the gene 4 9 2 expression matrix or the genotype matrix to control for sample non-independence.
9 3
Genotype PCs have been used as covariates to control for population 4 9 4 stratification in association studies (101). However, recent comparative studies 4 9 5
have shown that using PCs is less effective than using linear mixed models performs the best, followed by GEMMA and the linear model, and neither edgeR 6 8 0
nor DESeq2 perform well in this context ( Figure S18 ). Therefore, MACAU sequencing studies (49-52). Hidden confounders can induce similarity in gene 6 9 5 expression levels across many genes even though individuals are unrelated (53-6 9 6 57), similar to the effects of kinship or population structure. Therefore, by 6 9 7 defining using a gene expression (instead of genetic) covariance matrix, To illustrate this application, we analyzed a third data set on lymphoblastoid cell HapMap project (117), with expression measurements on 13,319 genes. We also 7 0 4 aimed to identify sex-associated genes in this data set. To demonstrate the 7 0 5 effectiveness of MACAU in small samples, we randomly subsampled individuals 7 0 6 from the data to create small data sets with either n = 6 (3 males and 3 females), 7 0 7 n = 10 (5 males and 5 females), or n = 14 individuals (7 males and 7 females). For each sample size n, we performed 20 replicates of random subsampling and 7 0 9 then evaluated method performance by averaging across replicates. needed to ensure sufficient power and replicability in DE analysis (11). We 7 1 5 therefore used enrichment of genes on the sex chromosomes to compare the 7 1 6 performance of different methods ( Figure S24 ). The enrichment of top ranked 7 1 7 sex-associated genes on sex chromosomes has previously been used for presence of batch effects and other hidden confounding factors (118). In this comparison, MACAU performs the best of all methods when the sample 7 2 1 size is either n = 10 or n = 14, and is ranked among the best (together with the 7 2 2 negative binomial model) when n = 6. For instance, when n = 6, among the top 7 2 3 50 genes identified by each method, the number of genes on the sex power gain is much smaller in this setting than in the first two data sets we previous reports for blood cell-derived gene expression (3, 7, 119 While we have mainly focused on illustrating the benefits of MACAU for 7 7 0 controlling for individual relatedness and population stratification, we note that applied to control for hidden confounding effects by using the gene expression extending the commonly used mixed effects model for controlling for hidden confounding effects (53-56) in array-based studies to sequencing studies. In 7 8 1 addition, although we have designed MACAU for differential expression analysis, 7 8 2 we note that MACAU may also be effective in other common settings. For genetic variants that are associated with gene expression levels estimated using 7 8 5
RNAseq or related high-throughput sequencing methods. In the present study, we have focused on demonstrating the performance of 7 8 7 MACAU in three published RNAseq data sets with sample sizes ranging from with medium or large sample sizes are better powered and more reproducible, and are thus becoming increasingly common in genomics (10,11). For example, 7 9 2 a recent comparative study makes explicit calls for medium to large sample
RNAseq studies performed with at least 12 replicates per condition (i.e. n>=24) 7 9 4 (11). However, we recognize that many RNAseq studies are still carried out with 7 9 5 a small number of samples (e.g. 3 replicates per condition). As our simulations 7 9 6 make clear, the power of all analysis methods is dramatically reduced with 7 9 7
decreasing sample size, conditional on fixed values of other factors that influence is no longer obvious in simulated data with only 3 replicates per condition when
the effect size is also small (although its advantage becomes apparent when the 8 0 1 simulated effect size increases: Figures S13B and S14). In addition, MACAU's 8 0 2
advantage is much smaller and sometimes negligible in the small real data set 8 0 3
when compared with the medium and large data sets analyzed here. could be achieved by borrowing information across genes to estimate the over-
dispersion parameter (15, 22, 25) or building in a hierarchical structure to model 8 1 3 many genes at once. Like other DE methods (24,25), MACAU requires data pre-processing to obtain 8 1 5
gene expression measurements from raw sequencing read files. This data pre-8 1 6
processing step may include read alignment, transcript assembly, alternative 8 1 7
transcript quantification, transcript measurement, and normalization. Many methods are available to perform these tasks (12, 14, 68, (124) (125) (126) (127) (128) (129) and different 8 1 9
methods can be differentially advantageous across settings (68, 124, 130) .
Importantly, MACAU can be paired with any pre-processing method that retains several methods here (see Materials and Methods; Figure S3 ), a full analysis of 8 2 3
how different data pre-processing choices affect MACAU's performance in
alternative study designs is beyond the scope of this paper. Notably, recent 8 2 5
results suggest that a recommended approach is to incorporate data pre-8 2 6
processing and DE analysis into the same, joint statistical framework (131),
which represents an important next step for the MACAU software package.
We note that, like many other DE methods (15,25), we did not model gene length
in MACAU. Because gene length does not change from sample to sample, it 8 3 0 does not affect differential expression analysis on any particular gene (15, 25) .
However, gene length will affect the power of DE analysis across different genes:
genes with longer length tend to have a larger number of mapped reads and on these genes tends to have higher statistical power (2,70,132). Gene length 8 3 5
may also introduce sample-specific effects in certain data sets (133). Therefore,
understanding the impact of, and taking into account gene length effects, in Currently, despite the newly developed computationally efficient algorithm, Poisson mixed effects models (Table S1) , it can still take close to 20 hours to 8 4 4
analyze a data set of the size of the FUSION data we considered here (267 8 4 5 individuals and 21,753 genes). Therefore, new algorithms will be needed to use 8 4 6
MACAU for data sets that are orders of magnitude larger. The software implementation of MACAU is freely available at:
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